ABSTRACT Conventionally, the methods used for the sorting of tomatoes are manual. These methods are costly, non-productive, and their reliability is uncertain. With advancing technology, deep-learning, and artificial intelligence techniques are being utilized to develop fully automated system controllers. The primary reason behind using these techniques is their competitive performance in solving high nonlinear classification problems. Therefore, this paper investigates the performance and combination scenarios of a number of effective artificial intelligence techniques and strategies. Improving the classification accuracy of automated tomato-sorting controllers shall also be explored. Convolution neural network (CNN), artificial neural network (ANN), self-organizing map (SOM), learning vector quantization (LVQ), and support vector machine (SVM) are developed, optimized, assessed, and compared. In this paper, three main categories are considered, namely, unripe, ripe, and defective (overripe and rotten). Moreover, an experimental setup is designed, manufactured, and tested to verify the computational results obtained from the neural networks as well as to assess the real-time performance of the proposed algorithm. As per the research findings, the utilization of a hybrid CNN-ANN-based algorithm is favored, as it demonstrated a superior performance during validation and experimental testing. The CNN-ANN-based control algorithm yielded a theoretical classification performance of 100% for all classes while the experimental results produced 100% for unripe and ripe classifications and 90% for the ripe and defective (overripe and rotten) classifications. The results of this paper have the potential to improve the classification accuracy of similar fruit and vegetable sorting machines.
I. INTRODUCTION
Agriculture and Horticulture are the two fundamental and largest economic sectors that play a critical role in the economic development of countries. Within the agriculture sector, tomatoes are regarded as a well-recognized fruit as it is consumed by millions every day. With a growing world population, the demand for tomatoes is found to be higher than its production. Therefore, sorting strategies ought to be the focus in order to augment production. However, labor cost is one of the limiting factors in the tomato industry as well as various agricultural industries. As a consequence, a number of companies have faced the challenge of low profit due to
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high labor costs as well as inaccurate sorting processes. The development of an accurate and reliable sorting controller seems to provide a partial solution to this issue as it will improve classification accuracy, reliability, and productivity. It will also significantly lower labor and running costs in general.
However, the situation has improved in a much larger extent in the recent years in which the machine vision and pattern recognition-based algorithms have been studied, particularly in various intelligent processing and sorting systems for agricultural products [1] , [2] . Although many researchers have used machine vision technologies, there is still a significant need to develop a more accurate, reliable and automated sorting machines. In addition to that, both accuracy and reliability are yet to be achieved.
Machine learning algorithms are categorized into supervised and unsupervised algorithms. Convolution Neural Network (CNN), Artificial Neural Network (ANN), SelfOrganizing Map (SOM) and Support Vector Machine (SVM) are of the latest well-known neural networks. ANN and SVM utilize a supervised training paradigm while CNN and SOM utilize unsupervised learning paradigms. Deep learning is a subsection of machine learning that focuses on ANN. The ''deep'' part of deep learning is a technical term that refers to the number of layers/ segments in the ''network''. Traditional neural networks contain 2-3 hidden layers only, while deep networks could have as many as 150 [3] - [5] . Deep learning currently plays a critical role in condition monitoring [6] , [7] and in the development of highly automated systems such as the systems used in self-driving cars and natural language recognition, given that CNN is considered as the most popular algorithm of deep learning [8] , [9] . L. Zhang et al. presented deep learning for classification of tomato by color by categorizing it into five different gradient of green, light pink, pink, red and light red. Feature extraction and five conventional neural network, with a 91.9% detection performance, [10] . N. Kussul et al. presented deep learning classification of land cover and crops with four level architecture, using supervised classification with number of neurons of 60, 70, 80, 90 and 100 of hidden layers respectively. An accuracy level of 85% was found for crops' detection [11] . Liu Liu et al. utilized deep learning approach for pest detection and classification using feature extraction techniques and extracted by the PCA principle. However, the accuracy of detection was not clarified clearly [12] . Uday Singh et al. presented the classification of Mango using Multilayer convolution Neural Network with a total 2200 images. The highest accuracy of detection was found using CNN algorithm with a detection accuracy of 97.13%, while the lowest detection accuracy was 88.39% using PSO algorithm [13] . Jaing, Chen, Liu, He and Liang used the Single-Shot Multi-Box Detector (SDD) to recognize the apple leaf diseases. The pre-network was consisted of a feature extraction and a fusion structure. The recognition rate was 98.09% [14] .
There are numerous research trials in the literature to improve the sorting performance of tomatoes. Nagganaur and Sannanki [15] discussed the sorting and grading of fruits using image processing techniques. The system was initiated through capturing the fruit's image. The classification was carried out using fuzzy logic approach with a detection performance of 93.3%. Effendi et al. [16] showed that the quality of fruit depends on many criteria such as type of defect, skin color and size of fruit. In their research, they investigated the image recognition system in order to identify the level of maturity of Jatropha curcas fruit as well as to classify it into various categories. Back propagation diagnosis model was used for the recognition. The authors did not report the detection accuracy of the developed algorithm.
Patel et al. [17] presented a new algorithm for fruit detection using an improved multiple features-based algorithm. The image processing algorithm was used to improve the extraction of features. In addition to that, different weights for various features like intensity, color, location and edge of the test image database were calculated. The classification accuracy reported by the authors is 90% for different fruit types. Arivazhagan et al. [18] presented an effective fusion of color and texture features for fruit recognition. The recognition is carried out by the minimal distance classifier method.
Tiger and Verma [19] introduced a technique to classify normal and infected apples. The proposed technique characterized and perceived apple pictures, depending on a set of features using a feed-forward neural network. Sandoval et al. [20] developed a machine vision based classification system to sort coffee fruits (cherries) according to their ripeness stage. Eight categories were defined in this study. A Bayesian classifier was implemented using a set of nine features which included color, shape and texture computed on an image of the fruit. The method yielded a classification accuracy of 96.88%.
Kaur and Sharma [21] presented a fruit quality detection system using deep learning techniques in the aim of reducing the manual work percentage in fruit sorting based on numerous features, such as color, shape and size of the fruit. The accuracy of the detection is not mentioned in the study. Arjenaki et al. [1] developed an online tomato sorting system using a machine vision technique. The sorting was based on a number of criteria such as defect type, shape, size and maturity of the tomato. The histogram was applied to 50 images in each of the two addressed categories (mature and immature tomatoes). The accuracy of each criteria was evaluated and reported. The highest accuracy obtained for the detection of tomato size was 94.54%, while the lowest detection accuracy of 85% was recorded for defective tomato. Opena and Yusiong [22] investigated a method for grading maturity tomato using ABD-Trained ANN in order to reduce human error during manual grading of tomato. The blue channel function was applied to the captured photos, then the images were converted to grayscale. Finally, the background of the images was removed using a binary mask. The mean accuracy achieved using this approach was 98.75%. Fojlaley et al. [23] proposed MLP, LVQ and SVM techniques for the classification of red, yellow and green tomatoes. This was achieved by eliminating the noise omission through erosion, extension and light reflection techniques. Support Vector Machine (SVM) with RBF kernel was their optimal solution with a classification accuracy of 77% for the testing data.
In 2018, Bhargava and Bansal [24] summarized the best classification performance of defective vegetable/fruit obtained by a number of researchers. Table 1 lists the accuracy, type of fruit/vegetable, Morphological Feature and the utilized algorithm.
Upon examination of the researches, a number of gaps have been identified. Case in point, current automated techniques seem to be a sound substitute for manual work. These techniques could be used for sorting different types of crops, thereby enabling an increase in further improvements. However, a number of these techniques are limited to basic features such as color separation, which is difficult to use in differentiating between ripe and slightly overripe tomatoes, while a very few number of researches did manage to offer a technique with a perfect theoretical classification accuracy. Although there were good results from the theoretical classification performances mentioned in the literature, only a few techniques were tested for real-time classification, given that the actual performance may significantly differ from the theoretical performance. Based on this drawback in research, this paper will investigate and optimize the performance of numerous AI-based techniques with a view to identifying a reliable technique with a near optimal theoretical and experimental classification accuracy. The findings of this research may assist in overcoming the identified gaps which would help improve the yield of tomatoes in the future.
The main contribution of this paper will be as follows: 1. Investigate, optimize, and compare the performance of a large number of AI-based classification techniques with a view to identifying the best technique(s) or combination of techniques for sorting processes. 2. Validate the AI-based model using a new set of experimental data which the model was not trained for. 3. Test the AI-based model experimentally in order to evaluate its real-time performance. The performance may change due to the lighting condition, weather condition, speed of camera and speed and location of the tomato on the belt conveyor. 4. Design a low-cost sorting system that can be used by small-to-medium scale tomato companies to improve the yield of tomatoes.
II. TOMATO MATURITY CLASSIFICATION USING NEURAL NETWORK
This section aims to improve the reliability and classification accuracy of automated tomato sorting systems. A large number of supervised and unsupervised neural and deep learning training algorithms were applied to three different sets of tomato images with a view to identifying the techniques and network configurations with the best performance. These techniques are (a) convolutional neural network (CNN), (b) artificial neural network (ANN), (c) self-organizing map (SOM), (d) learning vector quantization (LVQ) and (e) support vector machine (SVM). The variables that affect the performance of each technique were identified and the performance of numerous network configurations were assessed by trial and error method. Based on the experimental results, the ripe and defective classes were categorized among the most challenging classes. Table 2 displays a sample of the training images used to train the neural networks. Given that 70% of a total of 60 images for each class were used for training while the rest were used for testing. Table 3 shows the classification performance of a selected number of trials for each of the algorithms utilized to train the neural networks. Hundreds of iterations were performed to identify the best algorithm and best network configuration in terms of number of nodes, hidden layers, convolutional layers, and filter sizes and numbers. Convolutional Neural Network (CNN) as a common and a well proven algorithm was employed and tested. CNN successfully managed to differentiate between the unripe class from one side and the ripe and defective classes from another side with a 100% classification accuracy, while it failed to precisely differentiate between the ripe and defective classes. An ANN algorithm was then employed to differentiate between the two challenging classes ''ripe (red) and defective''. The image histograms of the blue, green and red channels in addition of the grayscale features were used as inputs to the networks. The red channel histogram and the grayscale histogram with the configurations shown in Table 3 yielded a classification accuracy of 100%.
For the SOM algorithm, the grayscale feature was best as it produced the highest classification accuracy (72%). Unlike SOM algorithm, the red and blue channel histograms were best when the SVM algorithm was used for training as they both yielded a performance of 90%. On the other hand, the Learning Vector Quantization (LVQ) algorithm gave a maximum detection accuracy of 62.2%. The configurations of networks along with the feature type and classification accuracy are depicted in Table 3 .
As it can be observed from Table 3 , the best performances were obtained using the CNN algorithm for the classification of ''unripe'' class and ''ripe plus defective'' class, and the ANN for the ''ripe'' and ''defective'' classes. The ANN uses the red channel histogram feature of images. Thus, a hybrid controller that employs both algorithms is recommended to improve the classification performance of tomatoes. Moreover, the robustness of the unripe and ripe classification can be improved by utilizing the best two networks, namely the CNN with the RGB features and the CNN with the grayscale features, as both gave a classification accuracy of 100% (see Fig. 4 ). All of the addressed neural network types and configurations were tested using MATLAB. The changes made to the MATLAB's standard network configurations are reported in the network configuration column in Table 3 .
The classification computing speeds for the RGB-based CNN, grayscale-based CNN, and for the Red channel-based ANN networks are 161 microseconds, 826 microseconds and 248 microseconds, respectively. Thus, the total computing time required for the classification of one tomato is 1,235 microseconds. The speed test was evaluated using the MATLAB datetime() function and was conducted on a DELL G5 15 laptop with 16 GB RAM and Intel R Core TM i7-8750H CPU @ 2.20 GHz 2.21 GHz processor. The realtime performance of the controller was tested experimentally to identify the real performance of the controller and to quantify the performance difference between the theoretical and experimental results (refer the experimental results section).
III. EXPERIMENTAL SETUP
A belt conveyor equipped with an image acquisition module was designed and manufactured in order to experimentally validate the best AI-based models as well as to provide a feasible, tested and economic design solution to tomato industry. The main components of the manufactured belt conveyor sorting machine are shown in Table 4 and Fig. 1. Fig. 3 shows the machine in operation during the classification and sorting of a defective tomato. The workshop drawings of the budget tomato sorting is illustrated in Fig. 3 . A productivity of 19,200 tomatoes can be achieved for every 8-hour shift, which is about 2.88 tons, based on an average weight of 150 grams per tomato.
The methodology that should be followed for real operation and experimental testing is as follows:
1. Capture images of tomato and load them to MATLAB. 2. Select, then extract the features of the images (i.e. RGB, red color, grayscale, red color histogram, etc.). 3. Train the neural networks using the selected set of features. 4. Assess the performance of the network using the MSE performance measure. 5. Iteratively change the configuration of neural network until the required performance is achieved. 6. Conduct a real-time testing and performance assessment using tomato samples from all classes. The samples should be different from which the network was trained for. 7. Retrain the network. Change the neural network configuration, if needed. 8. Operate the machine and evaluate the performance during operation. Table 4 summarizes the bill of material along with the costing information of the manufactured tomato sorting machine. The total cost of the machine is about 1,368 USD and this cost is based on item prices in Qatar. This information may be used to manufacture a similar operational low-cost tomato sorting line. The structure and motors were optimized with a view to reducing the overall cost. The structure sections were standardized by using a standard steel hollow section of 40 × 40 × 3 mm. An economic 8-megapixel Logitech USB camera is used for imaging along with a 3 watts LED light source. The control is carried out using a budget controller board (Arduino), in addition to 4 small heavy duty geared servo motors.
IV. EXPERIMENTAL RESULTS AND DISCUSSION
Based on the experimental results, the supervised neural and deep learning networks produced a better classification accuracy in comparison to the unsupervised networks. Thus, the supervised algorithms were employed to classify the three different classes of tomatoes, namely unripe, ripe and defective (overripe/rotten). The classification was based on maturity level. For each of the three classes, 20 tomatoes were used for the evaluation of the real-time performance.
These tomatoes were different from the ones used for training and testing. The AI-based algorithm employed for the classification of tomatoes is depicted in Fig. 4 .
Although the perfect theoretical classification accuracy was obtained, the experimental accuracy for the unripe, ripe and defective were 100%, 100% and 90%, respectively. The classification performance of the first two classes matched the theoretical performance, while for the defective class, there is a negative classification performance difference of 10%. It can be inferred from these results that for industrial sorting machines, it is advised to constantly evaluate the performance of the classification over a long time period and re-train the network accordingly, using a new set of samples in order to ensure a continuous near optimal classification accuracy.
V. CONCLUSION
This study aims to design a robust AI-based controller for tomato sorting processes as well as to provide a design for a budget tomato sorting machine. The performance of the most well-known convolutional and deep learning neural network algorithms was investigated in order to improve the classification accuracy of tomato sorting controllers. The algorithms included in this study are CNN, SOM, SVM, LVQ and ANN. For the classification of ''unripe'' and ''ripe, plus defective'' classes, the CNN produced a 100% detection accuracy rate. The CNN algorithm yielded this accuracy using either RGB or grayscale features. Based on the trials illustrated in Table 3 , the CNN algorithm failed to perfectly classify the ''ripe'' and ''defective (overripe and rotten)'' classes. Therefore, these two categories were classified as ''challenging''. Numerous AI-based algorithms were trained with the objective to assess their abilities to differentiate between those classes; given that the highest detection accuracy values obtained using ANN, SVM, SOM and LVQ networks are 100%, 90%, 68% and 62.2%, respectively. Thus, the results suggest the utilization of ANN algorithm for the classification of ripe and defective tomatoes. A number of algorithm combination scenarios was also proposed in order to maximize the overall classification accuracy of the controller.
The combination of the CNN and ANN algorithms shown in Table 4 was found to be the best in terms of theoretical and experimental performances. This hybrid algorithm has the potential to produce a classification accuracy of 100% for all of the three addressed classes. Moreover, the robustness of the classification of unripe and ripe plus defective classes can be improved by combining the RGB-based CNN network and the grayscale-based CNN network. The total computing speed required for the classification of all classes is 1,235 microseconds.
This research also provided specifications for a budget tomato-sorting machine which could be used by small to medium-sized tomato factories. The findings of this study would help companies, farmers, and involved stakeholders to augment their daily production.
The results introduced in this study are limited to similar lab-scale machines, lab environment and to the tomato samples which the neural networks were trained for. The results are also limited to the trials and algorithms utilized. Future experiments should be conducted in industrial environment using an industrial tomato-sorting line equipped with a highspeed camera. The training should also be carried out using larger training and testing data sets and over a long time period in order to better evaluate/ensure the performance, robustness and reliability of the controller classification.
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